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Abstract: Surface microseismic data (SMD) are usually presented as weak signals affected by strong
interference. In this paper, with the purpose of obtaining available SMD, a deep learning framework
combining with the complete ensemble empirical mode decomposition (CEEMD) and the multichannel
denoising autoencoder (MDAE) is established to strengthen weak signals and suppress strong
interference. First of all, a sort of EMD algorithm referred to as CEEMD is employed to decompose each
trace of the SMD into the intrinsic mode functions (IMFs) so as to reduce the interference of random
noise. Then, an MDAE algorithm is put forward to extract the effective and robust features of the IMFs,
where a novel loss function without any label information is designed to achieve unsupervised noise
attenuation in the real-world scenario. After that, the decomposed IMFs are reconstructed from high
frequency to low frequency by using the extracted features such that the high-frequency part of the
microseismic signals is retained effectively. Finally, the proposed CEEMD-MDAE model is applied to
the noise attenuation in both synthetic and real-world SMD datasets. Experimental results demonstrate
that the CEEMD-MDAE algorithm significantly improves the signal-to-noise ratio and outperforms
some existing popular denoising algorithms.

Keywords: noise attenuation; multichannel denoising autoencoder; unsupervised learning strategy;
complete ensemble empirical mode decomposition; surface microseismic data

1. Introduction

Over the past decades, microseismic monitoring technology has played an increasingly prominent role in the
exploration and exploitation of unconventional oil and gas resources. Generally, microseismic monitoring patterns
can be roughly grouped into two categories, including surface monitoring and borehole monitoring. Compared with
the borehole monitoring pattern, the surface monitoring pattern has the distinctive characteristics of flexibility, low
investment and large coverage [1-5]. Nevertheless, during the exploitation of unconventional oil and gas, the received
signals of the surface monitoring pattern is greatly affected by surrounding environment noise. The strong
interference contained in microseismic data is not conducive to carrying out follow-up works such as microseismic
phase identification, first break extraction and fracture interpretation. To alleviate these problems, it is necessary to
attenuate the noise coupled in the microseismic signals and separate the effective signals from the noisy data accurately.

Till now, many efforts have been made to explore the noise attenuation methods with the aim to increase the
fidelity of the signals, see [6—12]. According to the properties of the microseismic signals, the noise attenuation
methods can be divided into the following two categories: 1) model denoising method; and 2) data-driven denoising
method. As shown in Figure 1, among these methods, the empirical mode decomposition (EMD) algorithm has been
extensively applied into the signals denoising owing to its characteristics of posteriority and adaptive decomposition,
see [13—16].
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Figure 1. The diagram of the different microseismic noise attenuation methods.

Despite the powerful decomposition and denoising ability, the EMD method still suffers from the problem of
mode mixing, and thus a complete ensemble empirical mode decomposition (CEEMD) algorithm has been proposed,
where positive and negative white noise are added to solve the problem of mode mixing. For example, a CEEMD
method with wavelet threshold denoising has been proposed in [17] to preserve the effective information of high-
frequency signals. Very recently, a joint denoising method of wavelet threshold and CEEMD based on compression
perception has been developed in [18] to preserve weakly effective signals. In addition, in order to realize
microseismic noise attenuation, a compressed sensing method based on improved CEEMD has been investigated in
[19] to enhance the signal fidelities and retain effective signal amplitudes. Unfortunately, the CEEMD method
attenuates the noise by discarding the high-frequency component of the original signals, which results in the loss of
effective signals [20]. Therefore, the tricky part of noise attenuation is how to improve the denoising capability while
retaining the effective signals in the whole frequency range [21].

In recent years, deep learning technique has attracted widespread interest due to its powerful capabilities in
feature extraction and representation [22—34]. For instance, a convolutional neural network (CNN) with residual
dense blocks has been proposed in [27] to fit the seismic signals with high signal-to-noise ratio, which has achieved
superior performance in the seismic data processing. Nevertheless, the CNN-based denoising model cannot preserve
the textural features of seismic data. For this reason, denoising autoencoder (DAE) has been extensively researched in
the field of noise attenuation with its advantages of feature extraction and generalization, and considerable results
have been reported [35—40]. For instance, an improved DAE network has been presented in [40], which has the
capacity to extract effective features of the data in an unsupervised way. Moreover, a convolutional autoencoder-
based noise attenuation method has been proposed in [35] to address the seismic texture structure distortion.
Nonetheless, it still causes the loss of the representative signals when the effective signals are separated from the data.
Note that there are few in-depth studies on the application of DAE network in the field of noise attenuation, which
inspires to develop data-driven methods for microseismic noise suppression.

In this paper, a novel noise attenuation method is proposed to separate the microseismic signals from the noisy
data accurately and effectively. The main contributions of this paper are outlined as follows.

1) A novel noise attenuation method is proposed, where the IMFs obtained from the CEEMD are used as the
input of the multichannel network, and then the MDAE algorithm is put forward to extract the features and the
reconstruct signals for noise suppression.

2) A novel loss function is proposed for denoising microseismic data in an unsupervised manner, which is
capable of avoiding the loss of the effective signals of the microseismic data.

3) The proposed CEEMD-MDAE noise attenuation method is evaluated on synthetic and real-world datasets.
Experimental results demonstrate that the proposed method exhibits better performance than some classical
algorithms.

The remaining part of this paper is organized as follows. The preliminaries of the CEEMD and deep
autoencoder are introduced in Section II. A novel CEEMD-MDAE model is proposed to attenuate noise in Section
III. The process and results of the experiments are presented in Section IV. Finally, conclusions and prospects are
presented in Section V.

2. Preliminaries

2.1. Complete Ensemble Empirical Mode Decomposition

As an adaptive time-frequency signal processing method, EMD has been proposed by Huang and Shen in 1998
to deal with the analysis problem of nonlinear and non-stationary data [15]. Owing to the advantages of posteriority
and stability, the EMD has been applied to deal with seismic data in the field of geological exploration. Nevertheless,
the discontinuity of signals may cause the mode aliasing in the decomposition process of the EMD, thereby losing
partial mode components. To tackle this issue, the white noise subjected to normal distribution has been introduced
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into the signals by the ensemble empirical mode decomposition (EEMD) such that the new signal satisfies the
continuity and is automatically distributed with appropriate scale [41]. Although this method can address the problem
of mode aliasing to some extent, the additional noise can not be ignored after reconstruction.

In this case, as a variant of the EEMD, the CEEMD has been proposed [20] to handle the additional noise. In
the CEEMD method, the original signals with positive and negative white noise are decomposed simultaneously by
the EMD, thereby cancelling the additional noise in the signals. The CEEMD retains the benefits of both the EMD
and EEMD, and thus reduce the redundant noise effectively. The decomposition steps of the CEEMD are displayed
as follows.

1) Introducing the positive and negative white noise into original signals, the new signals can be expressed by

{ E;y (1) = x(1) + ni(1)

En(t) = x(t) — n(2) (1)

where x(7) is the original signal, and n;(¢) represents the Gaussian white noise. E;;(f) and E;»(¢) are the new signals.

2) The EMD is performed for obtaining signals E;;(¢) and E}»(¢), respectively.

Step 1. Calculating all extremum points of E;(#) and using cubic spline interpolation to fit the upper and lower
envelope of E;; (), the signal margin is described as follows:

h(t) = Eq () —my (1) 2

where m;(¢) is the mean value of upper and lower envelope, and %, (¢) represents the signal margin.

Step 2. Repeat step 1 for the remaining component /;(¢) until it satisfies the following two conditions of the
EMD: a) the number of extremum and zeros points must be equal or at most only one different over the whole signal
degree; and b) the average of the upper and lower envelope is zero at any time.

Step 3. After obtaining the highest frequency component, which is called /M F',(¢), the residual signal r,(f) is
calculated as follows:

ri(t) = E (t)—IMF,(t) 3

Step 4. Repeat steps 1-3 to obtain a series of mode components:

K
ya(t) = IMF(t)+R(1) )

k=1

where K is the number of intrinsic mode functions, and R(¢) denotes the residual signals.

Step 5. Execute steps 1-4 to acquire a set of signal components and signal margins.

3) The final intrinsic mode functions and residual signals can be obtained by averaging the signal components
gained by decomposing E; () and E(t), respectively.

2.2. Denoising Autoencoder

As a classical unsupervised learning method, the autoencoder has been proposed in 1987 consisting of encoder
and decoder [42]. In the encoding process, the effective features are extracted from input data in the hidden layer. In
the decoding process, the extracted robust features are reconstructed as the output data [43]. As a variant of the
autoencoder, DAE attempts to encode the input in some degree that can eliminate the effects of a random corruption
process, which exhibits significant advantages of reducing the dependency among input dimensions and improving
the feature extraction capability. The schematic diagram of a DAE is depicted in Figure 2.

Figure 2. The structure of the DAE network.
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As shown in Figure 2, a DAE consists of the noise-adding layer, the encoding layer and the decoding layer.
X = (x1,X2,---,X,) is the clean data (i.e., the input of the DAE network), X = (X;,X5,---,X,) denotes the data with
noise, i = (hy, hy,- - , h,,) represents the hidden state, and z = (21,25, ,2,) 1s the output of the DAE network.

In the encoding stage, / is obtained by a nonlinear mapping of X to the hidden layer through the function f,
and the mapping relation is given as follows:

h=f(X)=swX+b) (5)

where w; is the full connection weight matrix between the input layer and the hidden layer, and b, represents the
bias vector of the input layer. s(-) uses Relu as the activation function.

In the decoding stage, z is gained by # mapped to the output layer through the decoding function g, which is
described as follows:

z=g(h) = s(wah+by) (6)

where w, denotes the weight matrix between the hidden layer and the output layer, and b, represents the bias vector
of the hidden layer. Note that z has the same number of the sampling points as x.

Define a new variable 6 = {w,w,,b,,b,} (i.e., the collection of all parameters in denoising network), and the
reconstruction error is minimized by adjusting 6. The error between x and z is regarded as reconstruction error,
which can be calculated by

1 n
JpaEcost (0) = ; ; [lzi = xi”% @)

where n is the number of samples, whereas x; and z; represent the input data and output data of the DAE network.
3. The Ceemd-mdae Method

3.1. Synthetic Microseismic Data

In the microseismic data processing, the most basic requirements are high signal-to-noise ratio and high fidelity.
The ideal noise suppression effect is to completely separate the effective signals from the noise. In practical terms, the
clean field microseismic data are unknown or even the effective signals are completely submerged by noise, making
it difficult to effectively remove the noise from the microseismic data. As such, this paper proposes the CEEMD-
MDAE to solve the above problem, where the synthetic microseismic data are utilized to train the denoising model
firstly, and then the trained model is exploited to suppress noise from the field data. Note that the synthesis of the
microseismic data is essential because the prior clean signals and noise are not available from the field data.

The Ricker wavelet has the characteristics of short duration and fast convergence, which is similar to the surface
microseismic data. Hence, it is suitable to be applied to microseismic data simulation, and the relation of Ricker
wavelet g(f) can be obtained as follows:

g(t) = [1=2(xft)*] x =/
{ t=kAt ®)

where f is the main frequency of wavelet, k represents the sampling sequence, and At is the sampling interval.
The synthesis of microseismic data is a one-dimensional forward process, which is obtained via the convolution
of reflection coefficient and microseismic wavelet. The specific expression is as follows:

S () =R(®) = L(1) )
where S () denotes the synthetic microseismic data, R(f) and L(r) are the reflection coefficient and microseismic
wavelet, respectively. The reflection coefficient can be calculated as follows:

R = Pi+1Vi+1 — PiVi (10)
Pi+1Vie1 T PiVi

where R; represents the reflection coefficient of the interface between the current layer and the next layer, p; and v;
are the density and velocity of the current layer. p;;; and v;,, are the density and the velocity of the next layer,
respectively.

3.2. The Process of the CEEMD-MDAE Method
The proposed method utilizes the Ricker wavelet to synthesize the clean microseismic data and adds the
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Gaussian white noise for obtaining the noisy data, then uses the noisy data to carry on the simulation of microseismic
denoising. The procedure of this method are as follows. Firstly, for the noisy microseismic data, each trace of raw
data is decomposed into five intrinsic mode components. It is worth noting that the mode function components have
the same trace sets and sampling points as the original data, which are distributed from high to low frequency.
Secondly, all the modes obtained from the decomposition are fed into the MDAE network, with each mode
component corresponding to one channel of the multichannel denoising network. Thirdly, in the MDAE network, the
effective features of microseismic data are extracted via dimensionality reduction in the encoding layer. Then, the
clean data are reconstructed in the decoding layer by using the extracted effective features. Finally, The multichannel
denoising network is reconstructed to obtain the final network output. Note that the network structure of the encoding
layer and decoding layer are symmetric. In this way, the MDAE network achieves to remove redundant noise and
retains weak effective signals. The process of the proposed method is shown in Algorithm 1.

Algorithm 1. The process of the proposed algorithm

Step 1. Synthetic data
Microseismic data are synthesized by convolution of Ricker wavelet and reflection coefficient.
Step 2. Model decomposition
The synthesized microseismic data are divided into five intrinsic modes.
Step 3. Feature extraction
The MDAE network is adopted to extract features automatically.
Step 4. Feature reconstruction

The extracted features are reconstructed and the noise suppression is completed simultaneously.
Step 5. Stop.

In the field data, clean microseismic data are difficult to acquire, which results in the clean data being
unlabelled. Therefore, microseismic data denoising needs to be carried out in an unsupervised way. In order to better
suppress the microseismic data noise, a new loss function is proposed for microseismic data denoising in an
unsupervised manner, which is shown as

n

_ I ) S (S D;=SD)(SN; —SN;)
Jeow =~ SISDi=Sill; +

p VS (SDi=SD? S (SN, - SN,y

(11)

where S D; and S N; are denoised data and removed noise obtained by proposed method, and S D; and S N; are the
average value of denoised data and removed noise, respectively. S; and n represent the clean microseismic data and
the number of samples. Note that (11) can be used when noise suppression is performed on the synthetic data.
Nevertheless, the field microseismic data are generally noisy and there are no clean data, so the reconstruction error of
the denoised data and clean data can not be used to define the loss function. Therefore, the second term of (11) is
used as the loss function for the field microseismic data.

In order to minimize the value of the loss function, the weight and deviation of each layer in the MDAE
network are adjusted, and the updated values are taken as the parameters of each layer in the denoising network. In
this way, the MDAE network has better denoising and generalization performance. Then, fine-tune the trained
network to suppress the noise of the field surface microseismic data, and further achieve the goal of noise attenuation
in an unsupervised manner.

3.3. Framework of the CEEMD-MDAE Algorithm
The framework of the CEEMD-MDAE algorithm is shown in Figure 3.

4. Experimental Simulation and Discussion of the Proposed Model

In order to comprehensively evaluate the proposed method, two examples of synthetic data and field surface
microseismic data are used to compare the CEEMD-MDAE with several classical denoising methods such as the
CEEMD, DAE, GAN and CEEMD-SVD method [44-47]. Among them, the synthetic data contain different
conditions such as parallel, crossed and bended events with different signal-to-noise ratios. In addition, the field data
also include nonlinear and crossing events. To accurately measure the performance of our proposed algorithm on
removing noise and retaining effective signals, the signal-to-noise ratio (SNR) and mean square error (MSE) are
regarded as evaluation criteria, which are defined as follows:

IS1”

(12)

1
MSE = IS - Sl (13)
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Figure 3. The flowchart of the CEEMD-MDAE framework.
where S and S y are the clean data and the noisy data, and M represents the length of the data.

4.1. Synthetic Examples

In this subsection, the Ricker wavelet generates the clean microseismic data with sampling interval of 1 ms and
dominant frequency of 45 Hz, containing three linear events and one nonlinear event, as shown in Figure 4. Then,
Gaussian noise is added to the clean microseismic data, as shown in Figure 5(a), the SNR of the signals after adding
noise is —5.8 dB. In addition, the 10 th trace of the noisy data is taken for mode decomposition, as shown in Figure 5(b),
where the first subfigure shows the single channel noisy microseismic data and the remaining five subfigures
represent the intrinsic mode components decomposed from high to low frequency. The CEEMD, CEEMD-SVD and
DAE are adopted to compare with the proposed method in terms of suppressing noise, and the results are shown in
Figure 6. The SNR of the signals processed by the CEEMD, CEEMD-SVD, DAE and the proposed method are 3.86
dB, 4.10 dB, 6.02 dB and 8.70 dB, respectively, which shows that the CEEMD-MDAE has a better ability to separate
noise from the microseismic data for such nonlinear events. Compared with the proposed method, the CEEMD and
CEEMD-SVD still retain more random noise, and the fidelity of the effective signals is not very high. In addition, the
DAE has abetter noise suppression effect than those in Figures 6(a) and 6(b), but there are still some effective signal losses.

The MSE of the signals processed by the CEEMD, CEEMD-SVD, DAE and the proposed method are 0.0054,
0.0064, 0.0015 and 0.000025, respectively. Although the CEEMD-SVD is better than CEEMD in noise
suppression, MSE is slightly larger. The DAE is better than the first two methods in terms of MSE and SNR of
microseismic data, while the proposed method is superior to DAE algorithm in these two evaluation indicators. In
addition, the separated noise signals are shown in Figure 7. It can be seen from Figure 7(c) that the noise section
contains effective signal residues, which indicates that the DAE can adversely affect the subsequent processing of
microseismic data. To sum up, the CEEMD-MDAE method not only can remove the noise well, but also can achieve
the retention of more effective weak microseismic signals.

Clean data

200 | |]]]] |14 JT
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Figure 4. The generated clean microseismic data.
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Figure 6. (a) The CEEMD denoised section. (b) The CEEMD-SVD denoised section. (c) The DAE denoised section.
(d) The CEEMD-MDAE denoised section.

The synthetic data of the second example are shown in Figure 8(a), which contains clean microseismic data
with parallel and cross events. As shown in Figure 8(b), random noise is added to clean microseismic data. The
proposed method is compared with several benchmark denoising methods and the results are shown in Figure 9. It is
clear that SNR of raw data is —5.5 dB, while the SNR of the signals processed by the CEEMD and CEEMD-SVD
are raised to 3.95 dB and 4.15 dB, respectively. Note that the DAE can improve the SNR to 7.78 dB, but is still
lower than 9.29 dB of the proposed method. In addition, it can be seen from Figures 10(c) and 10(d) that the DAE
method has obvious linear event residues, while CEEMD-MDAE method has relatively few effective signal residues
in the noise part after denoising. Although the CEEMD and CEEMD-SVD retain more effective microseismic
information than the DAE after denoising, the performance of the noise suppression is not as good as that of the
proposed method. In terms of MSE, the DAE denoising method has the lowest value of 0.000093 and the CEEMD
method has the highest value of 0.0095, whereas the MSE of the proposed method is 0.00074. Moreover, the SNR
and MSE comparison for the four methods of two examples are shown in Table 1 and Table 2. From Tables 1-2 and
the obtained simulation results of four methods, it is clear that the proposed method has better noise suppression
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effect and greater ability to retain weak effective signals. Although MSE in the second example is slightly higher, the
performance of the proposed method is generally superior to other methods.
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Figure 7. (a) The CEEMD noise section. (b) The CEEMD-SVD noise section. (c) The DAE noise section. (d) Noise
section using the proposed CEEMD-MDAE.
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Figure 8. (a) Clean data in example 2. (b) Noisy data in example 2.
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Table1 The SNR of the Signals Processed via Four Methods

Method Example 1 SNR(dB) Example 2 SNR(dB)
Synthetic data -5.8 =55
CEEMD 3.86 3.95
CEEMD-SVD 4.10 4.15
DAE 6.02 7.78
Proposed method 8.70 9.29

Table2 The MSE of the Signals Processed via Four Methods

Method Example 1 SNR(dB) Example 2 SNR(dB)
CEEMD 0.0054 0.0095
CEEMD-SVD 0.0064 0.0017
DAE 0.0015 0.000093
Proposed method 0.000025 0.00074

4.2. Field Data Example

In this section, the denoising network obtained by training synthetic data is fine-tuned via field surface
microseismic data. Nevertheless, the clean data are hard to obtain in the field microseismic data and the SNR can no
longer be used to measure the effectiveness of denoising. Therefore, the similarity between the denoised data and the
removed noise is employed as the measurement index.

Figure 11 shows the field data, which includes discontinuous events, nonlinear events and partial loss of
effective signals. Although the SNR can not be used to measure the effect of denoising, some conclusions can still be
drawn from the perspective of the microseismic event since it has important impact on the subsequent interpretation
of denoising. The denoising results of the CEEMD, CEEMD-SVD, DAE and the proposed method are shown in
Figure 12. It can be seen that these methods have certain noise suppression effect. Among them, the CEEMD
contains a large number of random noise signals after denoising, so it has the worst effect in noise reduction. The
CEEMD-SVD has a certain improvement in noise suppression, but the fidelity after denoising is too low, which
results in unclear microseismic event information. Compared with the first two methods, the DAE has better
performance in noise suppression. Figure 13 shows the section of noise removed by the four methods. In Figure 13(c),
it can be seen that part of the effective signals processed by the DAE is also regarded as noise, which leads to that the
noise section still contains structural information. Meanwhile, Figures 12(d) and 13(d) illustrate that the proposed
method is superior to other methods in noise suppression and effective signal retention. In addition, Figure 14 shows
the similarity of the removed noise and the denoised data by four methods. The lower the similarity is, the better the
denoising effect is. As can be seen from Figure 14 that the CEEMD and CEEMD-SVD are not as effective as the
DAE and CEEMD-MDAE methods in noise suppression. It can also be seen from Figure 14(c) that the noise section
removed by the DAE contains certain effective signals, which results in a high local similarity between the noise and
the effective signals. Compared with other methods, the similarity between the noise removed by the proposed
method and the denoised section is lower, which also proves the superiority of the proposed method in noise
attenuation and effective signal retention, thereby making the data interpretation more convenient after denoising.

Figure 11. Field data.
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similarity of the DAE method. (d) Local similarity of the proposed method.

In summary, the CEEMD-MDAE algorithm proposed in this paper is generally superior to other benchmark
algorithms in terms of noise suppression performance for both synthetic and field data. The simulation results also
demonstrate the effectiveness of the proposed algorithm in microseismic noise suppression.

5. Conclusion

In this paper, a novel CEEMD-MDAE algorithm has been proposed to attenuate noise of surface microseismic
data. The CEEMD has the distinguished advantages of posteriority and adaptive decomposition. Nevertheless, the
artificial identification of noise at high frequency in signals reconstruction has a passive impact on noise suppression.
In order to better separate the effective signals from the noisy data, the MDAE network has been employed to extract
the features of intrinsic mode function components. In the MDAE network, a novel loss function has been designed
to achieve unsupervised noise attenuation in the field data. The proposed algorithm has significantly improved the
SNR of the synthetic data by comparing with several benchmark algorithms. More importantly, this algorithm has
better noise suppression capability and retains more weak effective signals in field surface microseismic data. It is
worthwhile to mention that the developed filtering algorithm is suitable for online applications, which constitutes one
of our future research topics [48—51].
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